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ABSTRACT This article analyses computational models of Knowledge Tracing (KT), which address the
complex sequence-modelling task of predicting dynamic, unobservable latent user states from historical
interaction logs. First, we propose a comprehensive taxonomy identifying nine distinct and interconnected
KT model families: psychometric; Bayesian; machine learning; deep learning; graph-based; tempo-
ral/sequential; multi-task; contrastive/self-supervised; and domain-adaptive. Secondly, we trace the historical
evolution of KT architectures, from the foundational psychometric methods of the 1950s to the modern
integration of attention mechanisms and graph neural networks. Thirdly, we systematically evaluate nine
lightweight representative computational models—one from each category—across two large-scale datasets:
ASSISTments 09-10 and DigiArvi 2025. We measure predictive calibration using accuracy, F1 score, ROC-
AUC, average precision, and log loss under a strict computational time budget. Finally, our rigorous empirical
analysis demonstrates that multi-task and temporal/sequential architectures yield the highest performance.
Specifically, Fine-Grained Knowledge Tracing (FKT) achieved the best results on the DigiArvi dataset
(accuracy: 0.77; F1 score: 0.85), while Temporal Item Response Theory (TIRT) performed best on the
ASSISTments dataset (accuracy: 0.70; F1 score: 0.75). Traditional baselines, such as Logistic Regression
(LR), remain highly competitive. Consequently, we advocate a shift towards ‘Green AI’ and standardized
benchmarking to address the field’s fragmented evaluation standards, as we identify diminishing returns
from increasing model complexity. Future research must leverage generative Artificial Intelligence (AI) and
causal inference to move beyond simple prediction toward agentic AI systems capable of active pedagogical
intervention.

INDEX TERMS Knowledge tracing, deep learning, machine learning, psychometric, attention mechanism,
Bayesian.

I. INTRODUCTION
Knowledge Tracing (KT) is a foundational task in Educa-
tional Data Mining (EDM). It involves tracing and predicting
a learner’s knowledge state over time by evaluating the
acquisition of Knowledge Components (KCs). By treating
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learner-system engagement as a sequential data problem,
KT analyzes historical interaction logs to optimize Intelligent
Tutoring Systems (ITS) and algorithmic learning frameworks
[1], [2]. This article presents a systematic review comple-
mented by an empirical analysis of representative KT models
from each major category, offering valuable insights for
researchers (see Section III-C for an analysis of the selected
models in each category).
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Recent advancements in KT have focused on improving
prediction accuracy and overcoming the limitations of exist-
ing models. Modern KT models use machine learning and
deep learning to predict student performance from historical
data [3], [4], [5]. These models also leverage neural networks
to capture patterns [6], [7]. In addition to deep learning
models, many advanced KT models, such as multi-task mod-
els, use auxiliary tasks to support the primary prediction
[8]. Domain adaptation models excel at transfer learning,
in which models are fine-tuned on earlier pretraining data
rather than trained from scratch [9]. Traditional KT models
include Bayesian models, which are foundational probabilis-
tic models [10], and psychometric models, which often use
item response theory to model student performance [11].

This article examines various KT models, their histori-
cal development, and their interconnections. This approach
demonstrates the evolution of KT models from traditional to
modern methods. The primary goal is to provide a compre-
hensive overview of KT models, illustrating their historical
and contemporary interconnections and anticipating future
trends. The study presents the history of KT as a timeline,
showing how models are built on past ideas while focusing
on the latest trends. Additionally, a quantitative evaluation of
representative KT models from each category was conducted
on two datasets: ASSISTments 09-10 andDigiArvi 2025. The
analysis focuses on how different categories perform across
common metrics.

A. RESEARCH QUESTIONS
The four primary research questions explored in this study are
the following:

RQ1:What is the big picture for the different KT cat-
egories in educational data mining, and how are they
interconnected?
RQ2: How did KT models evolve up to 2025?
RQ3: What are the key categories of KT models in
educational data mining, and how do representative
models from each category perform across datasets?
RQ4:How do representative KT models compare
across evaluation metrics, datasets, prediction curves,
and student-level predictions?

To address RQ1, RQ2, and parts of RQ3 (specifically
for category formulation), a systematic literature review
was conducted following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) [12]
guidelines. Additionally, an empirical analysis was per-
formed to answer RQ3 (partly) and RQ4.

B. CONTRIBUTION
This survey paper aims to provide an extensive collection
of KT architectures and clarify their boundaries for a wider
audience of researchers, developers, and educators. Key con-
tributions of this survey include:

• A systematic review of the main elements that comprise
KT models, identifying nine distinct and interconnected

model families (including psychometric, deep learning,
and graph-based approaches), emphasizing how these
systems have evolved from the 1950s to 2025.

• A comprehensive study of the techniques and concepts
employed in the construction and evaluation of KT
models, featuring a detailed timeline of architectural
shifts from basic probabilistic methods to contemporary
self-supervised and attention-based mechanisms.

• A rigorous empirical assessment of lightweight rep-
resentative models across distinct educational datasets
(ASSISTments 09–10 and DigiArvi 2025) under a strict
computational time budget, providing practical exam-
ples of the effectiveness and limitations of different KT
models in real-world scenarios.

• A critical discussion on the engineering trade-offs
between predictive accuracy and model complexity,
highlighting the diminishing returns of vast deep learn-
ing networks and demonstrating the specific advantages
of specialized Temporal Item Response Theory (TIRT)
and multi-task Fine-Grained Knowledge Tracing (FKT)
models.

• The advocacy of a standardized benchmarking frame-
work and ‘Green AI’ principles to address the frag-
mented evaluation standards within the field, ensuring
that future systems are accurate, computationally sus-
tainable, and reproducible.

• Actionable recommendations for future research detail-
ing how Large Language Models (LLMs), causal
inference, and efficiency metrics can be integrated to
evolve KT from simple prediction algorithms to agentic
Artificial Intelligence (AI) systems capable of active
pedagogical intervention.

The expected contributions of this paper go beyond a
mere literature review, instead providing a useful, empirically
backed, and well-organized background to the issues and
specifics of modern knowledge tracing. The remainder of the
paper is structured as follows: Section II details the PRISMA
systematic review methodology and the empirical evaluation
setup. Section III provides an overview of KT categories,
a timeline analysis of their evolution, an examination of
specific model families, and a detailed empirical analysis.
Section IV discusses the study’s limitations, actionable future
research directions, and practical recommendations. Finally,
Section V concludes the study.

II. METHODOLOGY
A. SYSTEMATIC REVIEW PROCESS
This study employs a systematic review methodology that
adheres to the PRISMA 2020 guidelines [12]. Applying the
PRISMA structure ensures a transparent, exhaustive, and
reproducible process for searching, selecting, and evaluat-
ing relevant KT models for education technology. Using the
guidelines ensures that the literature review is methodical and
systematic, including high-caliber work and avoiding the risk
of bias.
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FIGURE 1. PRISMA flowchart for screening and identification.

A comprehensive search was conducted using cen-
tral academic databases (Springer, ScienceDirect, Sco-
pus, and Google Scholar). The search sought papers
from 2019 to 2025. To ensure the collection is relevant and
focused, the following search terms were used:

(‘‘digital trace’’ OR ‘‘digital footprint’’) AND (‘‘artificial
intelligence’’ OR ‘‘machine learning’’) AND (‘‘learner’’
OR ‘‘student’’) AND (‘‘skill assessment’’ OR ‘‘learning

outcome’’)

The search strategy used Boolean operators (e.g., AND,
OR) with keywords to restrict the search to studies comparing
KT models for online education platforms, including those
used by universities, K-12 schools, and colleges.

Inclusion and exclusion criteria were applied to method-
ically screen the studies. Inclusion criteria included
peer-reviewed journal papers, conference papers, papers
from the years 2019 to 2025, papers proposing, evalu-
ating, or comparing KT models, and papers highlighting
AI-based models for education. Exclusion criteria included
non-English papers, duplicate papers, and papers unavailable
for screening. This process filtered out irrelevant, low-quality
papers.

Following the PRISMA guidelines, the study adopted
a multi-stage screening and selection process. Initially,

the database search yielded 313 papers. After excluding
89 duplicate records, screening by title and abstract identified
224 papers. This filtered out 104 papers as non-applicable
(102) or non-English (2). Then, the remaining 120 papers
were assessed based on their full texts. The methodological
rigor, applicability of the subject matter to the field of KT,
and empirical assessment of the models were evaluated. This
process eliminated 83 papers, including 74 that were irrele-
vant to the subject matter and nine that could not be retrieved,
leaving 37 papers. Additionally, to support the development
of the timeline of KT models, an additional 42 studies were
explored. Thus, a total of 79 papers were reviewed in detail
to inform the systematic review and timeline analysis. Addi-
tional references were cited throughout the manuscript to
provide the necessary background information on evaluation
metrics, ‘Green AI’ principles, and the broader context of the
discussion.

Fig. 1 shows the PRISMA flow diagram depicting how the
studies were selected, step by step, from the initial search
to the final 37 studies. The flowchart clarifies the selection
process and ensures that the study was conducted clearly and
fairly.

A relevant literature review was conducted to explore
RQ1 and RQ2, as well as parts of RQ3 (specifically, cate-
gory formulation). KT categories were developed based on
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TABLE 1. Sample data for training nine representative KT models.

significance and current trends in the field rather than existing
literature categories. This process identified nine emerging
categories (see Section III-C). Additionally, the development
of KT models was examined through a literature review,
which provided a detailed overview of their progression over
time (see Section III-B). Although there was some overlap
between the literature on KT categories (systematic review)
and the additional literature on timeline progression, the inter-
connections between different KT categories were examined
by analyzing the models within each category to understand
how they relate to one another.

B. EMPIRICAL EVALUATION SETUP
Two educational datasets were used in the empirical anal-
ysis to provide context for the literature review. The first
dataset, ASSISTments 09–10, is derived from an online
grade-school mathematics tutor [13]. The second dataset,
DigiArvi 2025 (also known as DigiEva 2025), comprises
computer-based math assessments administered to Finnish
students in grades 3, 6, 8, and 9 [14].

Table 1 shows the sample data used to train the KT models
for each category (see Section III-C) to predict the probability
that a student will answer the next item correctly. For training
purposes, the raw data has been transformed into the specified
columns. To evaluate model performance, the study uses five
complementary metrics. Accuracy counts the proportion of
correct predictions; the F1 score balances precision and recall
via its harmonic mean; the Receiver Operating Characteristic
– Area Under the Curve (ROC-AUC) measures a model’s
ability to distinguish classes across all decision thresholds by
taking the area under the ROC curve. Average Precision (AP)
summarizes the Precision-Recall (PR) curve as the area under
it [15]. Finally, log loss (cross-entropy) gauges probabilistic
calibration by penalizing confident yet incorrect predictions
[16].

To ensure data quality and reproducibility, a standardized
pre-processing pipelinewas applied to both datasets. Students
with fewer than five interactions were filtered out to reduce
noise from sparse data sequences. Variable-length sequence
padding was also used to preserve complete learning trajec-
tories. For model training and evaluation, a user-stratified
80/20 train-test split was used with a fixed random seed (ran-
dom_state = 42). This chronological split ensures that 80%
of each student’s sequential interactions are used for training,

with the remaining 20% reserved for testing. This rigorously
evaluates themodels’ ability to generalize to new datawithout
revealing future interactions. To ensure a rigorous evaluation,
all nine representative models were implemented in Python,
with all neural architectures constructed in PyTorch to ensure
consistency. In line with our ‘Green AI’ principles [17],
we deliberately selected lightweight, foundational architec-
tures from each family (e.g., standard Deep Knowledge
Tracing (DKT) rather than heavily parameterized trans-
former models). We tailored our optimization strategies to
the architectural families: classical baselines used standard,
appropriate solvers (e.g., maximum likelihood estimation for
Bayesian Knowledge Tracing (BKT) and SAGA solvers for
Logistic Regression (LR) and TIRT), while deep learning
architectures were optimized using the Adam optimizer and
categorical cross-entropy. Finally, to strictly evaluate algo-
rithmic sustainability, we enforced a global training time
budget of 120 seconds per model. To ensure transparent
reporting of these computational constraints, all experiments
were conducted locally on a machine with an Intel Core i3
processor and 16 GB of RAM, and no dedicated GPU was
used.

III. RESULTS
A. THE BIG PICTURE OF KT CATEGORIES (RQ1)
This section provides an overview of the key KT categories
and their intersections, offering insight into how these fam-
ilies collectively influence the field of modern EDM. Fig. 2
presents a Venn diagram illustrating the relationships among
the nine distinct KT model categories, which are detailed fur-
ther in Section III-C. As shown, the overarching category is
machine learning, which encompasses several prominent sub-
fields, most notably deep learning. Specialized approaches,
such as graph-based and multi-task models, are deeply
embedded within the deep learning paradigm. Together, they
can leverage student interactions within a graph structure
to predict future learning behaviors and mastery levels.
Domain-adaptive, multi-task, and contrastive/self-supervised
learning enhance deep learning’s capabilities with trans-
fer learning, auxiliary tasks that improve core predictions,
and the ability to predict with scarce or unlabeled data.
These overlapping areas demonstrate that KT is not con-
fined to a single category but integrates multiple categories
to enhance the model’s effectiveness. The intersection of
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FIGURE 2. Venn diagram for categories of KT models.

Bayesian and temporal/sequential categories illustrates how
learners’ knowledge evolves as their latent states change over
time. Similarly, the relationship between psychometric and
temporal/sequential categories accounts for the integration of
time into psychometric principles.

The diagram illustrates the increasing trend of personalized
learning, in which models are calibrated to meet the unique
needs of individuals in educational settings. In this case,
we can see that advancements in deep learning models are
being made to a reasonable extent in the current

KT scenario. This paves the way for exploring how var-
ious methods work together to improve student outcomes
and, consequently, enhance learning analytics in the modern
era. To categorize these models systematically, particularly
when their architectures overlap across multiple domains (as
illustrated in Fig. 2), we established classification bound-
aries based on the core algorithmic innovation or primary
objective of each model. For instance, if a model’s funda-
mental structure is based on neural networks, but its main
contribution is introducing an additional task, it is classified
under the ‘multi-task’ category rather than the broader ‘deep
learning’ category. Similarly, models that integrate time into
traditional psychometric or statistical structures are classified
under ‘temporal and sequential’ if their defining feature is the
explicit modelling of temporal dynamics.

B. TIMELINE DEVELOPMENT OF KT MODELS (RQ2)
To understand the current state of KT, it is important to trace
its historical development. From a timeline perspective, the

development of KT architectures can be categorized into four
distinct eras of progressive development: the Foundations of
KT (1950–1989); Early Innovations and Refinements (1990–
2014); the Deep Learning Surge (2015–2019); and Next-Gen
Innovations (2020–2025).

1) FOUNDATIONS OF KT (1950–1989)
The evolution of KT began in 1950 and continued until 1989,
when core fundamental theories began to emerge. During this
period, there were many changes, from the initial psychome-
tric, statistical, and probabilistic models to the early stages
of machine learning. These early stages of machine learning
eventually became the backbone of KT models.

The initial psychometric models used early Item Response
Theory (IRT) to show the relationship between learners’
latent abilities and their probability of answering test items
correctly. Pioneers of this work include Rasch [18] and
Lord, Novick, and Birnbaum [19]. Multidimensional Item
Response Theory (MIRT) models multiple latent traits, pro-
viding a more comprehensive view of individual traits [20].
Regarding the early statistical and probabilistic mod-

els, LR was used to understand the probability of correct
responses in an evaluation [21]. A Naïve Bayes (NB) clas-
sifier, which uses Bayes’s theorem for feature independence,
was also employed in the analysis [22].

Early machine learning models, such as the Deci-
sion Tree (DT) algorithm, are used to make struc-
tured decisions based on classification [23]. Additionally,
Bayesian networks (BNs) provide a graphical representa-
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tion of the probabilistic relationships between variables [24].
K-means clustering divides data into groups based on pattern
similarity [25].
From 1950 to 1989, core KT models were formulated that

paved the way for the far more advanced architectures of
today. One example is IRT, which describes the connection
between latent ability and the probability of providing the cor-
rect answer. Then, MIRT describes the relationship between
latent ability and multiple traits. Early probabilistic and sta-
tistical models, such as LR and NB classifiers, alongside
early machine learning models like DT, BN, and K-means
clustering, pioneered the structure and data-driven analysis of
learning. These advancements laid the groundwork for future
models.

2) EARLY INNOVATIONS AND REFINEMENTS OF KT
(1990–2014)
Between 1990 and 2014, core Bayesian models emerged,
ideally paving the way for dynamic learner tracking. The
Vanilla Bayesian Knowledge Tracing model, also known as
BKT, provided a framework to analyze skill mastery over
time using four parameters [26]. Extensions of this model
include Multi-Skill Bayesian Knowledge Tracing (MS-BKT)
and Contextual Guess and Slip Bayesian Knowledge Tracing
(CGS-BKT). These extensions simultaneously model multi-
ple skills and integrate contextual factors [27], [28]. Similarly,
Dynamic Bayesian Networks (DBNs) could capture temporal
dependencies [29].
During this period, hybrid models combining LR and

psychometrics emerged. Models such as Learning Factor
Analysis (LFA) use LR to examine skill mastery over time.
The Additive Factor Model (AFM) uses multiple factors
within a logistic framework [30]. Furthermore, Performance
Factor Analysis (PFA) uses performance factors to improve
prediction [31].

Traditional machine learning models, such as Support
Vector Machines (SVMs), have been used for classification
tasks [32]. Algorithms such as Random Forests (RF) improve
overall modeling prediction [33]. Recommender systems,
such as Collaborative Filtering (CF) and Probabilistic Matrix
Factorization (PMF), have helped analyze learner-item inter-
actions [34], [35].
Regarding the early evolution of reinforcement learning,

Greedy and Random algorithms were established for content
selection through temporal decision-making within KT [36],
[37].

Additionally, key features such as personalization and
knowledge decay were explored by models like Individu-
alized Bayesian Knowledge Tracing (IBKT) [38] and BKT
with Forgetting [39].

Overall, many advancements took place between 1990 and
2014. These included the core Bayesian model and its vari-
ants, hybrid models of LR and psychometrics, traditional
machine learning models, and early reinforcement learn-
ing techniques. These models dynamically tracked skills by
modeling multiple skills and contextual factors as temporal

dependencies, thereby making predictions more accurate and
personalized. This period laid a strong foundation for the
evolution of deep learning models.

3) DEEP LEARNING SURGE (2015–2019)
From 2015 to 2019, the primary focus of researchers aim-
ing to capture complex sequential patterns was on deep
learning architectures. Recurrent neural networks (RNNs)
formed the basis of this development. A notable model is
DKT, which employs a Long Short-Term Memory (LSTM)
architecture to enable temporal/sequential learning [40].
Another variant of DKT, Enhanced Deep Knowledge Tracing
(DKT+), was analyzed by incorporating feature sets [41].
Another variant, DKT-Forget, incorporates knowledge decay
over time [42]. Meanwhile, early deep learning mod-
els such as Neural Matrix Factorization (NMF) success-
fully reinforced the concept of factorization for learning
analytics [43].
Similarly, exercise-aware models, such as the

Exercise-Enhanced Recurrent Neural Network (EERNN)
[44] and the Exercise-Aware Knowledge Tracing (EKT)
[45], successfully incorporated item-related features into
sequential/temporal modeling, thereby improving
predictions.

Memory-augmented networks played a key role. Dynamic
Key-Value Memory Networks (DKVMN), a model-like net-
work, captured the learner’s states via external memory
structures [46]. Another type, Sequential Key-Value Mem-
ory Networks (SKVMN), made further advancements in
capability [47].
Reinforcement learning techniques, such as the

policy-based Advantage Actor-Critic (A2C) method, were
used to evaluate learners’ KT [48]. Meanwhile, Proxi-
mal Policy Optimization (PPO) [49] advanced to more
sophisticated hybrid models, such as the Knowledge
Tracing–based Knowledge DemandModel (KT–KDM). This
model combines deep sequential modeling and reinforcement
learning [50].

Graph-based methodologies outperformed other models.
The initial model, Graph-based Knowledge Tracing (GKT),
used graph-based neural networks to project inter-skill rela-
tionships [51]. Lastly, Deep Item Response Theory (Deep-
IRT) combines deep learning and a traditional psychometric
model to integrate interpretability and prediction accuracy
[52].

From 2015 to 2019, significant changes occurred in
the KT world with the introduction of models capable of
analyzing complex patterns and non-linear relationships.
RNN variants, memory-augmented networks, reinforcement
learning techniques, and graph-based models demonstrated
accuracy in prediction, interpretability, and personalization.
Some models could represent dynamic learner states and
knowledge decay during evaluation. This made them more
adaptive and advanced their ability to predict learning out-
comes, eventually paving the way for more innovative KT
models.
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FIGURE 3. Historical overview of KT models.

4) NEXT-GEN INNOVATIONS OF KT (2020–2025)
From 2020 to 2025, the next generation of KT models
advanced in several areas: attention mechanisms, Graph Neu-
ral Networks (GNNs), temporal and contrastive extensions,
self-supervised learning, multi-task models, domain adapta-
tion, and explainability.

Transformer-based architectures, such as Separated
Self-Attentive Neural Knowledge Tracing (SAINT), use
transformers to capture complex contextual relation-
ships [53]. Its variant, SAINT+, incorporates a temporal
feature to enhance prediction [54]. Attention mechanism
models, such as Attentive Knowledge Tracing (AKT), use
self-attention to analyze learner interactions [55], while
Memory-Aware Knowledge Tracing (MAKT) utilizes for-
getting and memory signals [56]. Relational Attention
Knowledge Tracing (RAKT) focuses on inter-skill/item cor-
relation with the help of the relational attention process [57].
Multiple Features Fusion Attention-Enhanced Deep Knowl-
edge Tracing (MFA-DKT) uses a variety of student and item
features in an attention-based procedure with DKT as its core
foundation [58].

The graph-based approach includes Joint Graph Convo-
lutional Knowledge Tracing (JKT), which uses a GNN to
model skill-item relationships [59], and Hierarchical Graph
Knowledge Tracing (HGKT), which shows exercise-skill
hierarchies at multiple levels [60]. Session Graph Knowledge
Tracing (SGKT) presents contextual variations in the form
of short-term, session-based graphs [61]. Lastly, the Deep
Graph Memory Network (DGMN) uses a GNN architecture
with a memory feature to model forgetting in knowledge
tracing [62].

Among the temporal and sequential models, Time Interval
Aware Self-Attention Knowledge Tracing (TISAKT) mod-
els time gaps within the learning process [63], and Hawkes
Process Knowledge Tracing (HawkesKT), a temporal point
process–based model, represents the student’s event-driven
interactions [64]. In the contrastive learning model, Con-
trastive Attention Knowledge Tracing (CAKT) employs
attention networks and contrastive learning to represent latent
traits [65]. Similarly, the Contrastive Learning Framework
for Knowledge Tracing (CL4KT) uses contrastive signals
to improve KT generalization [66]. Some self-supervised
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TABLE 2. Performance of the Rasch 1PL model on datasets.

models, such as the Self-Supervised Heterogeneous Hyper-
graph Network (S2-HHN), enhance self-supervision by pro-
cessing heterogeneous data points that include both students
and their skills [67].

Multi-task models, such as Dichotomous-Polytomous
Multi-Task Learning (DP-MTL), use a framework for option
tracing to provide a comprehensive overview of mastery
[8]. In relation to auxiliary tasks, FKT uses response speed
to capture more accurate performance metrics [68]. Mean-
while, Multiple Behavioral Features for Knowledge Tracing
(MBFKT), a combination of multi-head attention, memory
networks, and RNNs, precisely models multiple behavioral
features [69]. The multi-activity-based model, Transition-
Aware Multi-Activity Knowledge Tracing (TAMKOT),
learns from transitions across activities [70]. Furthermore,
Adaptable Knowledge Tracing (AdaptKT) enhances KT
models to adapt across different datasets and contexts under
domain adaptability [9].

Lastly, Explainable Knowledge Tracing (xKT) uses cog-
nitive learning theories to make predictions about multiple
concept questions more transparent [71]. Similarly, Inter-
pretable Knowledge Tracing (IKT) utilizes more causal
and streamlined modeled architectures for clear learner
analysis [72].
This next-generation approach is significant due to its abil-

ity to model complex relationships and temporal dynamics
and to perform multiple tasks simultaneously across various
educational domains. The integration of GNN architec-
tures, advanced attention mechanisms, and contrastive/self-
supervised learning enhances accuracy, interpretability, and
domain adaptability. Ultimately, these methods bridge the
gap between theoretical constructs and practical application,
paving the way for more robust and autonomous KT models
in the future.

Fig. 3 provides a visual summary of the architec-
tural evolution across these four distinct eras. In brief,
from 1950 to 1989, basic statistical and probabilistic algo-
rithms evolved into psychometricmodels. From 1990 to 2014,
dynamic Bayesian models and hybrid logistic–psychometric
methods emerged for tracking students dynamically.
From 2015 to 2019, deep learning surged and introduced
RNNs, memory networks, and reinforcement learning.
Finally, from 2020 to 2025, sophisticated attention mecha-
nisms, graph neural networks, and self-supervised learning
were introduced, makingmodern predictions highly accurate,
adaptive, and personalized.

C. CATEGORIES OF KT MODELS (RQ3)
This section provides a detailed discussion of various KT
model categories, accompanied by a selection of representa-
tive models from each category. These models are evaluated
based on their performance across two datasets: ASSIST-
ments 09-10 and DigiArvi 2025. The models are classified
into nine broad categories based on the current trends and
relevance, which are outlined below:

1) PSYCHOMETRIC MODELS
Psychometric models are essential for understanding and
evaluating the performance of test items and the abilities of
learners. To improve understanding, these models have been
broadly categorized into two subtypes: classical psychomet-
ric models (IRT andMIRT) and hybrid logistic-psychometric
models (PFA, LFA, and AFM).

Classical psychometric models primarily focus on mea-
suring latent traits and item responses. One example is IRT,
which is helpful for dichotomous items (e.g., true/false) and
can also be applied to polytomous items (e.g., multiple-
choice) using logistic or probit functions [11]. It is important
to acknowledge that classical IRT provides an estimate of a
learner’s ability at a single point in time. Therefore, it does not
inherently capture the dynamic, evolving nature of student
knowledge that is central to traditional knowledge tracing.
Nevertheless, IRT is included in this taxonomy because it
provides the fundamental mathematical basis on which mod-
ern tracking systems are built. Without the core parameters
of item difficulty and static latent ability established by
IRT, subsequent temporal extensions, such as TIRT, would
not exist. MIRT is an extension of IRT that simultaneously
evaluates multiple latent traits, making it useful for complex
assessments that evaluate multiple skills [73].

The general formula for psychometric models is given by

P
(
Xij = 1 | θj, ai, bi, ci

)
= ci + (1 − ci)

1

1 + e−(aiθj−bi)
(1)

where Xij is the response of learner j on item i (correct=1 and
incorrect=0), θj is the learner’s latent ability (vector forMIRT
and a single dimension for IRT), ai is the item discriminator
parameter (vector for MIRT and scalar for IRT), bi is item
difficulty, ci is a guessing parameter. For 2PL model ci =

0 and for 1PL both ci = 0 and ai = 1.
Hybrid logistic-psychometric models combine LR with

psychometric models, such as LFA, which operate on the
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TABLE 3. Performance of the BKT model on datasets.

same principle. These models identify factors that influence
learning and predict the future based on past data. PFA is
similar to LFA and is an extension of it. PFA focuses more on
the performance side of the learning process [74]. An AFM
considers learning as an additive process that increments the
learner’s knowledge or skill level with each opportunity [75].

The formula for a hybrid logistic-psychometric model is
given by(
Xijt = 1 | ∝i, βi,Fjt , ρj, δi

)
=

1

1 + e−(∝i+βiFjt+ρj+δi)
(2)

where Xijt is the response of learner j on item i at the attempt
t (correct=1 and incorrect=0), ∝i difficulty level of item
i, βi is a vector coefficient capturing learning progression
for linear, logarithmic, success/failure. Fjt is a vector for
historical features that are learner-specific (success counts,
failure counts, attempt numbers, and log attempts), ρj is a
learner-specific ability parameter (LFA only), and δi item-
specific adjustment parameter (LFA only).

For the empirical evaluation, we selected the simplest IRT
formulation, the Rasch 1PL model, to predict the probability
that a student will answer the next item correctly. The Rasch
model assumes a single latent ability parameter for each
learner and a single difficulty parameter for each item.

Table 2 shows the performance of the Rasch 1PL model
across two datasets: ASSISTments 09–10 and DigiArvi
2025. Both datasets achieved notably low accuracy values
compared to the standard benchmark of 0.7: 0.4223 for
ASSISTments and 0.3734 for DigiArvi. This suggests that
the model cannot reliably predict students’ responses. The
ROC-AUC scores fall significantly below 0.7 (0.3986 for
ASSISTments and 0.3310 for DigiArvi), highlighting the
model’s difficulty in distinguishing between correct and
incorrect answers and its subsequent poor performance in
classification tasks. This worse-than-random performance
occurs because applying a purely static, single-parameter
model to highly sequential, dynamic learning data causes
severe underfitting and structural model mismatch, which
can lead to inverted probability assignments. Similarly, the
AP values fall below the desired range of 0.7 to 0.8
(0.5386 and 0.6147, respectively), suggesting that the model
underperforms in predicting correct answers. The F1 scores
(0.4957 for ASSISTments and 0.4929 for DigiArvi) reflect an
imbalanced precision–recall ratio, suggesting frequent false
positives and false negatives. Furthermore, the high log loss
values (7.3212 for ASSISTments and 8.6573 for DigiArvi)
suggest overconfidence in incorrect predictions and indicate

poor calibration. Finally, an overall rank score of 1 for both
datasets indicates that the Rasch 1PL model performs the
worst across all metrics (where 1 is the lowest rank score
and 9 is the highest), as detailed in Section III-D3 and Fig. 4.
This low ranking is likely due to the model’s structural sim-
plicity. However, the Rasch 1PL model’s primary strength
lies in its interpretability. Educators can easily understand the
learned ability and item difficulty parameters, which provide
valuable diagnostic insights even when predictive accuracy is
poor.

2) BAYESIAN MODELS
Bayesian models are widely used in data mining related to
learning analytics, particularly in KT, where learners’ knowl-
edge is evaluated over time. Thesemodels fall into one of four
categories: standard (BKT), enhanced (CGS-BKT, IBKT, and
MS-BKT), dynamic (Dynamic Bayesian Knowledge Tracing
(DBKT) and DBN), and advanced (Hierarchical Knowledge
Tracing (HKT)).

Standard Bayesian models, such as BKT (a probabilistic
model), contain a basic framework in which they evaluate the
learner’s knowledge level as a hidden binary variable. These
levels are updated based on observed responses. These mod-
els also use transition learning as a parameter for probability
between levels, which is often modeled as a hidden Markov
model. However, the BKT considers latent knowledge states
to be static and impervious to forgetting. This can eventually
lead to inaccurate parameter estimation and high computa-
tional costs [10].

In the enhanced Bayesian model, the foundation model
is improved to account for contextual factors, individual
differences, and multiple skills. CGS-BKT builds contex-
tual factors into guess and slip parameters, providing a
more accurate prediction of student performance by evalu-
ating the context of each question. IBKT classifies students
dynamically based on personalized question-answer data,
improving prediction accuracy. MS-BKT uses multiple skills
simultaneously to assess students’ levels across different
domains [76].
Similarly, the dynamic Bayesian model accounts for the

evolution of knowledge over time, making it more temporal.
Models such as DBKT use the same framework to evaluate
learners’ knowledge levels over time. DBNs handle depen-
dencies between multiple variables over time, providing a
more detailed view of the learning process [1], [2].
Advanced Bayesian models incorporate the multivariate

Hawkes process to capture the self-exciting nature of states.
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TABLE 4. Performance of the LR model on datasets.

This type of modeling helps to further map future knowl-
edge states based on past learning events, making KT more
dynamic and interconnected [77].

The generalized formula for the Bayesian model can be
divided into three parts

a) Observation model:

π (O |Ln, θ, φ)

=


Ln · [1 − fS (θ, φ)] + (1 − Ln) · fG (θ, φ) ,

if O = Correct
Ln · fS (θ, φ)+ (1 − Ln) · [1 − fG (θ, φ)] ,

if O = Incorrect

(3)

b) Bayesian Update:

P (Ln |O, θ, φ)

=
P (Ln) · π (O |Ln, θ, φ)

P (Ln)·π (O |Ln, θ, φ)+ [1 − P (Ln)] · π (O | −Ln, θ, φ)
(4)

c) Transition Learning Update:

P (Ln+1)

= P (Ln |O, θ, φ)+ [1 − P (Ln |O, θ, φ)] · ψ (T , t, φ)
(5)

where Ln is the latent knowledge state at nth step, which
ideally means the probability that the student knows the con-
cept in a certain step. O is the response, whether it is correct
or incorrect. θ is a set of contextual variables such as item
difficulty or presentation format, φ are additional parameters
such as differences within individuals, skill-specific traits,
and hierarchical factors, fS (θ, φ) is a slip function that ide-
ally states the probability of making an error while knowing
the concept. fG (θ, φ) is a guess function, which means the
probability of guessing correctly without knowing the con-
cept, P (Ln) is the probability of knowing a concept before
a certain observation. π (O |Ln, θ, φ) is the probability of
response O in a latent knowledge state Ln, π (O | −Ln, θ, φ)
is the probability of response O when the student does not
know the concept area, T is the learning rate, t is the time
gap between learning events, and ψ (T , t, φ) is a transition
learning function.

For the empirical evaluation, we implemented the standard
BKT model. Unlike more advanced extensions, the stan-
dard version assumes independence between skills, does not
account for forgetting, and uses only slip and guess parame-
ters to model error and noise.

Table 3 shows that BKT has different levels of predictive
performance. On ASSISTments, BKT achieves an overall
rank score of 6, outperforming simpler baselines such as
Rasch 1PL and some advanced models. However, on DigiA-
rvi, BKT drops to an overall rank score of 3 (third lowest
overall), falling behind advanced models such as DKT, GKT,
and FKT (refer to Section III-D3 for the detailed ranking).
Despite this inconsistency, BKT’s strength lies in its inter-
pretability. Its slip, guess, and transition parameters offer
clear pedagogical insights, enabling educators to design tar-
geted interventions even when its predictive performance is
weaker than that of newer models.

3) MACHINE LEARNING MODELS
Machine learning models can learn from labeled data and
provide detailed insights. Some can discover innovative pat-
terns in unlabeled data, while others can learn from prior
feedback to improve actions, which is essential for KT. These
models are primarily divided into three categories under
KT: supervised learning (DT, RF, SVM, LR, NB, and BN);
unsupervised learning (K-means, PMF, and CF); and rein-
forcement learning (PPO, A2C, Greedy, and KT-KDM).

Supervised learning models are trained on labeled datasets
to predict outcomes or perform classification. A DT splits
data into branches to make predictions. DT models are useful
for classification tasks but can be prone to overfitting when
analyzing complex datasets [4]. RF, on the other hand, is an
extension of DT. It is an ensemble method in which analysis
is performed based on multiple DTs. The results are then
merged for enhanced accuracy compared to DT. RF is also
less prone to overfitting [5]. The SVM model excels at clas-
sification tasks, finding an appropriate hyperplane that best
defines the classes [3]. LR and NB models stem from early
statistical and probabilisticmodels. LR is simple and effective
for binary classification tasks, while NB is related to proba-
bilistic classification [5], [78]. BNs are graphical models that
depict probabilistic relationships between parameters [79].

The following formula can describe this type of model:

min
θ

∑N

i=1
[L (yi, f (xi; θ))+ λR (θ)] (6)

where xi are the input features, yi are the known labels or the
targets, θ is the parameter, f (xi; θ) is the prediction for the
model, L is a loss functionwithin themodel while a prediction
is made, R (θ) is the regularization term within the model
for preventing overfitting, λ is hyperparameter tuning for the
model to get better predictions, N is the number of students.
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TABLE 5. Performance of the DKT model on datasets.

In unsupervised learning, pattern identification or grouping
is based on unlabeled data. Algorithms like K-means are
known for clustering and partitioning data into K clusters to
improve understanding [10]. PMF and CF are components of
recommender systems. PMF is primarily used for dimension-
ality reduction, and CF predicts users’ preferences based on
past data [8].

The general formula for an unsupervised model is given by

min
θ,Z

∑N

i=1
[D (xi, g (zi; θ))+ λR (θ,Z )] (7)

where xi are the observed unlabeled data, zi are the hidden
representations, g (zi; θ) is the reconstruction or, we can also
say, the generative function, D is the divergence measure or
simply the distance within the model, R (θ,Z ) is the regular-
ization term within the model for preventing overfitting. λ, N
and θ is the same as from equation 6.
Lastly, in reinforcement learning, the agent learns through

interaction with the environment. PPO (policy-based) is one
of the most popular algorithms in reinforcement learning
and is used extensively in gaming, robotics, and control
systems in real-world scenarios [80]. A greedy algorithm
selects the action based on the highest rewards, while A2C,
an extension of PPO, combines policy-based and value-based
approaches. Furthermore, KT-KDM is a more specific model
that combines KT with reinforcement learning to generate
personalized learning paths for students [50].
Reinforcement learning can be formulated as follows:

max
π

Eτ∼π

[∑T

t=0
γ tr (st , at)

]
(8)

where π is the policy (or strategy for the action), st is the
state at time t , at is the action at time t , r (st , at) is the reward
received after taking action at at state st , γ t is the discount
factor that decides how much future reward is valued, τ are
the trajectories (s0, a0, s1, a1, . . .) for the policy π , Eτ∼π is
an expectation over the trajectories.

For the empirical evaluation, we implemented LR as the
representative supervised machine learning model. LR pro-
vides a strong and transparent baseline for KT tasks. Unlike
more complex methods, LR does not directly model temporal
dependencies, yet it can capture significant patterns when
features such as student, item, and skill are included. Addi-
tionally, LR supports interpretability by assigning weights to
input features.

As shown in Table 4, LR delivers strong performance
consistently across datasets. On ASSISTments, LR achieves
an overall rank score of 7 (3rd best overall), just behind TIRT

and AdaptKT. This highlights the fact that even a simple
machine learning baseline can outperform several Bayesian
and graph-based approaches. On DigiArvi, LR also achieves
an overall rank score of 7, slightly behind FKT and TIRT.
However, it outperforms traditional baselines like Rasch 1PL
in terms of calibration and stability (see Section III-D3 for
detailed rankings). These results reinforce LR’s effectiveness
as a reliable, interpretable baseline in KT research that strikes
a balance between predictive performance and model trans-
parency.

4) DEEP LEARNING MODELS
Models of deep learning for knowledge tracing are part
of the broader machine learning category. These models
have drastically transformed learner analysis by capturing
complex patterns. Major groups include RNN-based KT
(DKT, LSTM, Bi-LSTM, NMF, EERNN, EKT, and DKT+);
memory-augmented models (DKVMN and SKVMN); atten-
tion models (AKT, MAKT, RAKT, and MFA-DKT); hybrid
models (Deep-IRT, xKT, and IKT); and transformer-based
KT (SAINT, SAINT+, and Student State-Aware Knowledge
Tracing (SSKT)).

RNN-based DKT models predict students’ future perfor-
mance based on past data through RNNs. DKT is one of the
earliest RNN-based models to use LSTM networks to capture
learner traits and predict future performance based on past
responses. LSTM is a network model that forms the basis of
many KT models and captures long-term dependencies. Its
extension, Bi-LSTM, captures both forward and backward
dependencies, making it more accurate [81]. When a neu-
ral factor is added to matrix factorization, NMF enhances
the ability to capture patterns that traditional MF struggles
with [6]. EERNN and EKT embed exercise-related infor-
mation into the RNN framework to differentiate between
exercises and their associated KCs. They also use exer-
cise difficulty and similarity concepts to improve prediction
accuracy [82]. DKT+ is an enhanced version of DKT that
incorporates attention layers or personalized learning rates to
improve model interpretability [7].
To understand this process intuitively, imagine an RNN

acting as a teacher observing a student taking an ongoing
exam. As the student answers each question, the teacher
updates their mental summary of the student’s overall
understanding (this represents the network’s ‘hidden state’).
An LSTM improves upon this by learning what information
to ‘remember’ and what to ‘forget’ over time. For exam-
ple, it recognizes when a student consistently grasps a core
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concept and when they make a one-off careless mistake.
Memory-augmented models take this analogy a step further;
they act like a teacher with a highly organized physical grade
book (the external memory matrix). Rather than relying on a
single mental summary, the model can independently update
the student’s level of mastery for specific topics (e.g., algebra
versus geometry).

The formula for this group of models is given by

min
θ

∑N

i=1

∑Ti

t=1

[
L

(
yi,t , σ

(
W · RNN

(
xi,t

)
+ b

))
+λR (θ)

]
(9)

where Ti is the number of time steps for student i, xi,t is the
input parameter for student i at time t , yi,t are the known
labels or targets at time t , W is the weight of the output
layer, and b is its bias. σ is the nonlinear activation function,
RNN

(
xi,t

)
is the hidden state representation of knowledge at

time t , σ (W ·RNN (xi,t )+ b is the probability that the student
answers correctly at time t . θ , N , R (θ), L and λ are the same
as equation 6.

Memory-augmented models have memory mechanisms
in place to improve efficiency and accuracy. Models like
DKVMN use key-value pairs to represent knowledge states.
The key in the matrix is static and stores the representation
of KCs, while the value in the matrix is dynamic and shows
the mastery level of each KC. SKVMN addresses DKVMN’s
limitations by using a modified LSTM for sequential model-
ing of the key-value memory network [1].
The formula for memory-augmented models is as follows

min
θ

∑N

i=1

∑Ti

t=1

 L
(

yi,t ,MemoryRead(
MemoryUpdate

(
Mi,t , xi,t

)) )
+λR (θ)


(10)

where Mi,t is the memory matrix representing student i at
time t , MemoryUpdate is for the operation to write new
information,MemoryRead is the operation for extracting the
current input from the knowledge. θ ,N , R (θ), L and λ are the
same as equation 6. Ti, xi,t and yi,t are the same as equation 9.

Attention-based models improve learner performance by
considering temporal, relational, and multi-feature insights
when modeling knowledge. AKT has a monotonic attention
mechanism that reduces the attention weight for ques-
tions based on their time distance. Meanwhile, MAKT uses
self-attention (short-term memory) and a key-value mem-
ory network (long-term memory) to update the learner’s
knowledge states, similar to DKVMN. This makes MAKT
more appropriate for evaluation. RAKT combines attention
weights (like AKT) with relation coefficients derived from
exercise relation modeling. This model essentially uses text
information from the questions to interpret their relationship
[1]. MFA-DKT concatenates multiple student behavior and
exercise features into the attentionmechanism so it can assign
different weights to the features, resulting in superior learning
prediction performance [58].

The formula for attention-based models is as follows:

min
θ

∑N

i=1

∑Ti

t=1

[
L

(
yi,t , σ

(
W · Attention

(
xi,t

)
+ b

))
+λR (θ)

]
(11)

where Attention is the attention mechanism to weigh past
data. θ , N , R (θ), L and λ are the same as equation 6. Ti, xi,t ,
yi,t , W , b and σ are the same as equation 9.
Hybrid deep learning models, such as Deep-IRT, combine

deep learning features with psychometric principles. This
improves the predictability of learner data, making it more
interpretable and accurate [73].
The formulation of deep-IRT can be stated as follows:

min
θ

∑N

i=1

∑Qi

j=1

 L
(
yi,j, cj +

(
1 − cj

)
·σ

(
−

(
ajθi − bj

)) )
+λR (θ)

 (12)

where Qi is the number of questions attempted by student i,
yi,j is the true response, aj is the item discriminator parameter,
bj is item difficulty, cj is a guessing parameter. θ , N , R (θ), L
and λ are the same as equation 6.W , b and σ are the same as
equation 9.

Explainable and interpretable hybrid models, which are
widely used in deep learning models but can also be used
in different KT model categories, help educators understand
the learning process. xKT models aim to provide a clear
explanation of how predictions are made, while IKT ensures
that the reasons behind certain predictions are understood
[74].

min
θ

∑N

i=1

[
L (yi, f (xi; θ))+ γ · Lexpl (Ei)

+λR (θ)

]
(13)

where γ is the weighting coefficient for explanation loss,Ei is
the explanation output at time t, Lexpl is the explanation loss.
θ ,N , R (θ), L, λ, xi, yi and f (xi; θ) are the same as equation 6.
Transformer-based models related to deep learning are

highly advanced, enabling them to capture the complex
dependencies of learners. SAINT is a transformer-based
model that uses an encoder-decoder framework for predic-
tions. The encoder processes the sequence of exercises, and
the decoder handles the sequence of responses. SAINT+

improves upon the attention mechanism for interpretability
and has a temporal feature that captures learning traits [68].
SSKT also uses an attention mechanism to integrate infor-
mation related to new exercises and combines an LSTM for
sequence coding [83].
T he formula for this transformer-based model is as

follows:

min
θ

∑N

i=1

∑Ti

t=1

[
L

(
yi,t , σ

(
W · hi,t + b

))
+λR (θ)

]
(14)

hi,t

=


TransformerDecoder

(
xi,t ,Encoder

(
qi,t

))
, SAINT

Attention
(
qi,t , ri,t

)
, SAINT+

Concat
(
LSTM

(
xi,t

)
,Transformer

(
xi,t

))
, SSKT

(15)
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TABLE 6. Performance of the GKT model on datasets.

where hi,t is the hidden state representation of knowledge at
time t, ri,t is the sequence of responses, qi,t is the sequence
of questions attempted. θ , N , R (θ), L and λ are the same as
equation 6. Ti, xi,t , yi,t ,W , b and σ are the same as equation 9.

For the empirical evaluation, we implemented DKT as the
representative deep learning-based KT model. DKT models
use deep neural networks to capture complex, nonlinear pat-
terns in student learning data. While these models are highly
effective in predictive tasks, they are less interpretable than
traditional models.

Table 5 shows that deep learning models perform mod-
erately well across datasets. On the ASSISTments 09–10
dataset, for example, they achieve an overall rank score
of 5, with an F1 score of 0.7740 and an ROC-AUC of
0.6387, demonstratingmoderate predictive ability. OnDigiA-
rvi 2025, they achieved an overall rank score of 6, with
an accuracy of 0.7443, an F1 score of 0.8279, and an AP
of 0.8503. These results confirm the effectiveness of deep
learning–based KT models, though they remain less inter-
pretable than simpler KT families.

5) GRAPH MODELS
Graph-based models are part of the broader machine learning
category. These models are innovative because they use graph
structures to predict the learning process. The three main
subclasses within this group are core graph models (GKT),
GNN-based models (HGKT and JKT), and advanced graph
models (SGKT and DGMN).

Core graph models have laid the foundation for more
advanced models to build upon. In GKT, the nodes are the
KCs, the edges represent the dependency relation between
the KCs, and the graphs are constructed based on sequences
of student interactions [51].

The formula for the GKT model is as follows:

min
θ

∑N

i=1

[
L

(
yi, σ

(∑
u∈N (v)W · hu,i + b

))
+λR (θ)

]
(16)

where hu,i is the hidden state representation of knowledge
of the neighbor node u for learner i, N (v) is the set of
neighbor nodes of the target node v. θ , N , R (θ), L, λ and
yi are the same as equation 6. W , b and σ are the same as
equation 9.

GNN-based models, such as HGKT, build upon the core
model and capture the hierarchical evolution of knowledge
using graph structures [60]. These models also represent
the relationship between different KCs, making them more
predictable. Conversely, JKT uses Graph Convolutional

Networks (GCNs) to apprehend higher-order informa-
tion within the knowledge graph. This allows for the
aggregation of data from neighboring nodes, providing
a better understanding of knowledge states and temporal
effects [59].
The generalized formulation for the GNN-based model is

given by

min
θ

∑N

i=1

 L
(
yi, σ

(∑
u∈N (v)

∝vu ·W · hu,i
+b

))
+λR (θ)

 (17)

where ∝vu is the attention or weighing coefficient between
nodes v and u, capturing relations such as hierarchi-
cal/convolutional structure. θ , N , R (θ), L, λ and yi are the
same as equation 6. W , b and σ are the same as equation 9.
hu,i and N (v) are the same as equation 16.
Advanced graph models can integrate memory networks

and session-based models, making them more effective for
prediction. SGKT uses session-based learning in graph-based
models, allowing for the dynamic adaptation of knowledge
graphs based on session-specific interactions. This approach
also helps capture the temporal dynamics of sessions [61].
Similarly, DGMN integrates memory networks into the graph
structure and focuses on the forgetting mechanism. This
model captures the knowledge state of memory across KCs
and uses an attention mechanism to link questions with their
KCs [1].

The generalized formulation for the advanced graph model
is given by

min
θ

∑N

i=1

 L

yi, σ
∑

u∈N (v)

∝vu ·W · hu,i
+γ ·M

(
hv,i,mi

)
+β · S

(
hv,i, si

)
+ b


+λR (θ)


(18)

where hv,i is the hidden state representation of knowledge of
node v for learner i, γ is the scaling parameter for memory
influence, mi is the memory embedding for interaction i, M
is the memory integration function, β is the scaling parameter
for session-based influence, si is the session embedding, and
S is the session-based integration function. θ , N , R (θ), L, λ
and yi are the same as equation 6.W , b and σ are the same as
equation 9. hu,i and N (v) are the same as equation 16. ∝vu is
the same as equation 17.

For the empirical evaluation, we implemented GKT as the
representative graph-basedmodel. GKT uses graph structures
to model relationships between skills and provide insight
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TABLE 7. Performance of the TIRT model on datasets.

TABLE 8. Performance of the FKT model on datasets.

into skill dependencies. Although less transparent than LR,
GKT’s graph structure offers interpretability by highlighting
inter-skill relationships.

Table 6 shows that GKT achieves an overall rank score of
3 on the ASSISTments 09–10 dataset, with an accuracy of
0.6255 and an ROC-AUC of 0.5670. This indicates relatively
weaker predictive performance compared to other KT model
families. In the DigiArvi 2025 dataset, GKT achieves an
overall rank score of 4, reflecting performance at the lower
end of the moderate range across various metrics. Refer to
Section III-D3 for detailed rankings. GKT has an accuracy of
0.7313, an F1 score of 0.8332, and an AP of 0.8252.

6) TEMPORAL AND SEQUENTIAL MODELS
Temporal and sequential models are pivotal because they help
us understand how knowledge states evolve. These models
can be divided into two categories: statistical/probabilistic
models, such as BKT with forgetting and TIRT, and deep
learning models, such as HawkesKT, DKT-Forget, and
TISAKT.

Among statistical/probabilistic models, BKTwith a forget-
ting mechanism is employed, taking into account factors such
as the time since a student’s last interaction and past attempts.
These attributes enable the accurate estimation of student
performance. TIRT is a temporal extension of IRT; therefore,
it can model changes in students’ abilities over time [84].
The BKT formula with forgetting can be expressed as

follows:

P (Kt |xt)=(1 − δ) · P (Kt−1 | xt−1)+ δ · (1 − P(Kt−1|xt−1))
(19)

where xt is the student’s response at time t, P (Kt) is the
probability that the student knows the skill at time t , P(Kt−1)
is the probability that the student knows the skill at time t-1,
δ is the forgetting rate or decay factor.

The formula for TIRT is as follows:

P
(
Xij = 1 | θj, ai, bi, ci, γj,1t

)
= ci + (1 − ci)

1

1 + e−(aiθj−bi)
+ γj ·1t (20)

where γj is the temporal effect parameter for item j, capturing
the influence of time in learning. 1t is the time difference
between the current and previous interactions. Xij, θj, ai, bi
and ci are the same as equation 1.

Within deep learning models, the Hawkes-KT model
describes the temporal evolution of learners. This model
assumes that mastery of a KC is influenced not only by pre-
vious interactions with that KC but also by interactions with
other KCs. This makes it a model for a deeper understand-
ing of learning dynamics [64]. DKT-Forget extends the core
DKT model by incorporating features of forgetting behavior,
such as time elapsed and the most recent student interaction,
thereby making it more predictable. Conversely, TISAKT
uses an attention mechanism to capture the influence of time
intervals between learning, a factor often overlooked in tradi-
tional models [63].

The formula for deep learning based temporal models is
given by

min
θ

∑N

i=1

∑Ti

t=1

[
L

(
yi,t , σ

(
W · hi,t + b

))
+λR (θ)

]
(21)

hi,t =


HawkesProcess

(
xi,t

)
, HawkesKT

LSTM
(
xi,t

)
· Forget(xi,t ), DKT − Forget

Attention
(
xi,t , δt

)
, TISAKT

(22)

where δt is the time embedding parameter. θ , N , R (θ), L and
λ are the same as equation 6. Ti, xi,t , yi,t , W , b and σ are the
same as equation 9. hi,t is the same as equation 14.
For the evaluation, we implemented the TIRT model as

the representative temporal/sequential model. This model
augments item effects with a simple within-student temporal
covariate, allowing for student ability to drift over time.

Table 7 shows TIRT’s performance across datasets. On the
ASSISTments 09–10 dataset, TIRT achieves the highest over-
all rank score of 9, with a strong F1 score (0.7536) and
ROC-AUC (0.7468), reflecting its ability to capture sequen-
tial patterns effectively. On DigiArvi 2025, TIRT achieves an
overall rank score of 8, with an accuracy of 0.7621 and an F1
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TABLE 9. Performance of the CLKT model on datasets.

TABLE 10. Performance of the AdaptKT model on datasets.

score of 0.8248. This confirms that incorporating temporal
dynamics improves the prediction of student responses across
datasets.

7) MULTI-TASK MODELS
Multi-task learning models have become increasingly signif-
icant as data has become more sophisticated, creating a need
for models that can handle multiple tasks simultaneously.
Examples of multitask learning KTmodels include DP-MTL,
FKT, MBFKT, and TAMKOT, all of which are part of the
deep learning model category.

Models such as DP-MTL combine KT with option tracing
to improve learner assessment by predicting the correctness
of both the question and the options in a multiple-choice
question. This framework improves the granularity of knowl-
edge representation, leading to better performance on tasks
such as score prediction [8]. FKT predicts response speed
as an auxiliary task to address consistency between pre-
dicted and observed performance. It uses an encoder-decoder
predictor framework to provide valuable insights [68].
MBFKT combines a multi-head attention mechanism to
identify the impact of various behaviors on students’ learn-
ing states. The model also incorporates memory networks
and RNNs to update and track knowledge mastery dynam-
ically [69]. TAMKOT assesses learners’ knowledge states
between assessed and non-assessed learning activities, allow-
ing unlimited transitions between learning types. TAMKOT
outperforms traditional models by modeling both assessed
and unassessed parts, providing valuable insights into learn-
ing transitions [70].
The following formula can describe this multi-task model:

min
θ

∑N

i=1

∑Ti

t=1

 L1
(
yi,t , f

(
xi,t ; θ

))
+

∑K
k=2 ∝k Lk

(
auxiliarytaskk

)
+λR (θ)


(23)

where L1 is the loss function within the model to be used,
f
(
xi,t ; θ

)
is the prediction for the model, K is the task, ∝k

weight for the auxiliary task, Lk is the loss function for the

auxiliary task. θ , N , R (θ) and λ are the same as equation 6.
Ti, xi,t and yi,t are the same as equation 9.

For the evaluation, we implemented FKT as the representa-
tive model for multi-task learning. FKT is designed to capture
task-specific dynamics while maintaining shared knowledge
across tasks. This improves predictive performance and gen-
eralization.

Table 8 shows FKT’s performance across datasets. On the
ASSISTments 09–10 dataset, FKT achieves an overall rank
score of 2, with an accuracy of 0.6024 and an ROC-AUC
of 0.5676. This indicates that FKT struggles to outperform
simple models. In contrast, on DigiArvi 2025, FKT achieves
the highest overall rank score of 9, with an accuracy of
0.7708 and an F1 score of 0.8463, demonstrating its ability
to capture task-specific patterns.

8) CONTRASTIVE AND SELF-SUPERVISED MODELS
Contrastive and self-supervised KT models are built on pow-
erful representations of latent knowledge and interactions
in situations where labeled data is scarce or unavailable.
These models are further divided into contrastive (CAKT,
CL4KT) and self-supervised (S2-HHN) models.

Contrastive learning models, such as CAKT, use an atten-
tion mechanism to determine the importance of the questions
students answer. These models also use a contrastive loss
function to compare similar and dissimilar interactions. This
pulls similar interactions together and pushes dissimilar ones
away from the knowledge representation space [65]. CL4KT
uses contrastive learning for student responses over time.
It considers each student’s performance on different ques-
tions, grouping them as positive or negative samples. Then it
pulls similar interactions together and pushes dissimilar ones
away [66].
Among self-supervised models, S2-HHN combines con-

trastive learning with self-supervision signals to improve
graph-based KT representation. The graph represents rela-
tionships among heterogeneous entities (e.g., students, ques-
tions, or concepts), and contrastive learning helps the
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model distinguish between similar and dissimilar interac-
tions, thereby optimizing it [67].

The following formula can describe this contrastive/self-
supervised model:

min
θ

∑N

i=1

∑Ti

t=1

 Lself−supervised
(
yi,t , f

(
xi,t ; θ

))
+Lcontrastive

(
yi,t , f

(
xi,t ; θ

))
+λR (θ)

 (24)

where Lself−supervised is the self-supervised loss function
within the model to be used, Lcontrastive is the loss function
for the contrastive task. θ , N , R (θ) and λ are the same
as equation 6. Ti, xi,t and yi,t are the same as equation 9.
f
(
xi,t ; θ

)
is the same as equation 23.

For the empirical evaluation, we implemented CLKT,
a simplified version of CL4KT without the sequential
component, as the representative contrastive/self-supervised
learning model. CLKT learns item embeddings through
contrastive pretraining, utilizing co-occurring items in stu-
dent interaction sequences as positive examples. Then, these
embeddings are fine-tuned with logistic regression to predict
the correctness of student responses, integrating the learned
embeddings and additional metadata.

As shown in Table 9, CLKT achieves an overall rank score
of 4 on ASSISTments 09–10 and 5 on DigiArvi 2025. See
Section III-D3 for the complete rankings. On ASSISTments
09–10, the model achieves an accuracy of 0.6582, an ROC-
AUC of 0.6844, an AP of 0.7276, and an F1 score of 0.7141.
These results indicate that the model performs decently com-
pared to other models. OnDigiArvi 2025, themodel performs
slightly better with an accuracy of 0.7554, an F1 score of
0.8186, and an AP score of 0.8839. This reflects good, though
not top-tier, performance.

9) DOMAIN ADAPTIVE MODELS
Domain adaptation models are used to adapt KT models to
new domains or datasets. The key idea is to make KT models
flexible enough to adapt to different learning environments
without having to retrain the entire model from scratch.
A prominent model in this category is AdaptKT.

TheAdaptKTmodel primarily operates on three dynamics.
The first is dynamic adaptation, in which the KT model
updates the relevant parts to adapt to new data. The second
is transfer learning, in which knowledge from the previous
domain is transferred to the new one. The third is flexible
training, in which there is no need to start from scratch; the
new training is done on top of the previous knowledge base
[9].

The following formula can describe this domain adaptive
model:

min
θ

∑N

i=1

∑Ti

t=1

 L
(
yi,t , f

(
xi,t ; θ

))
+Ladapt

(
yi,t , f

(
xi,t ; θ

))
+λR (θ)

 (25)

where Ladapt is the loss function for the adaptive task, which
helps the model to adjust to a new domain. θ , N , L, R (θ) and
λ are the same as equation 6. Ti, xi,t and yi,t are the same as
equation 9. f

(
xi,t ; θ

)
is the same as equation 23.

For the empirical evaluation, we implemented AdaptKT as
the representative domain-adaptive model. It performs unsu-
pervised CORAL feature alignment from a source domain
to a target domain. Then, it trains a logistic classifier on
the aligned source and evaluates it on the aligned target.
This makes AdaptKT effective for adapting models across
different domains.

As shown in Table 10, AdaptKT achieves an overall rank
score of 8 on ASSISTments 09–10. It achieves an accuracy
of 0.7162, an F1 score of 0.7935, and an AP of 0.7711. These
results indicate that AdaptKT performs better than most KT
models. However, on DigiArvi 2025, AdaptKT achieves an
overall rank score of 2, with lower performance compared to
other models, achieving an accuracy of 0.6373, an F1 score
of 0.7663, and an AP of 0.7723.

10) OVERVIEW OF THE MODELS RELATED TO KT
The KT models can be broadly categorized into nine groups:
psychometric, Bayesian, machine learning, deep learning,
graph-based, temporal/sequential, multi-task, contrastive/
self-supervised, and domain-adaptive. The first five cate-
gories form the core KT families, while the last four build on
these by adding transfer-learning, auxiliary tasks, temporal
features, or domain adaptation. The shared aim is to person-
alize learning by improving predictive power.

Empirical testing of one representative per category reveals
clear trends. Rasch 1PL (psychometric) and GKT (graph)
performed the worst, demonstrating generally weaker predic-
tive power. DKT (deep learning) provides a solid baseline,
delivering consistent mid-rank performance. BKT (Bayesian)
and CLKT (contrastive/self-supervised) demonstrate moder-
ate but inconsistent improvement. Notably, models such as
AdaptKT (domain-adaptive) and FKT (multi-task) exhibit
highly polarized, dataset-specific behavior—excelling on one
dataset but struggling on another. Ultimately, the highest and
most consistent ranks are achieved by temporal/sequential
and supervised machine learning models. TIRT and LR
models perform consistently better than most others across
various metrics.

D. EMPIRICAL ANALYSIS OF KT MODELS (RQ4)
This section presents a detailed empirical analysis of the
performance of nine representative KT models from each
category based on evaluation metrics, datasets, prediction
curves, and student-level predictions. The analysis is divided
into the following subsections:

1) HEATMAP OF MODEL RANK SCORE BY METRIC
PERFORMANCE
In this section, we provide a thorough analysis of nine
exemplary KT models. These models are evaluated based
on various performance metrics, such as accuracy, ROC-
AUC, AP, F1 score, and log loss, across two distinct datasets:
ASSISTments 09-10 and DigiArvi 2025. The results are
displayed as a heatmap, facilitating easy comparison of the
models’ relative performance.
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FIGURE 4. Heatmap of model rank score by metric performance.

Fig. 4 uses a color-coded scheme where shades of red
indicate the highest rank score and shades of blue indicate
the lowest rank score. Each cell shows a model’s performance
metric value and its corresponding rank score. This provides a
visual summary of how each model performs across different
evaluation criteria.

Upon reviewing the heatmap, we observe that TIRT per-
forms consistently well across most of the metrics. Its high
accuracy and strong performance on AP and ROC-AUC are
notable, with top-tier rank scores (8 or 9) in these areas across
both datasets. However, its performance is more moderate on
the F1 score, achieving a rank of 5 for both datasets. Despite
this dip in the F1 score, TIRT demonstrates high reliability
and robust performance in predicting student proficiency
overall. This model is a top contender for scenarios where
high performance across various metrics is essential.

By comparison, models such as LR and DKT demonstrate
notable and consistent mid-to-high performance across both
datasets. Meanwhile, FKT and AdaptKT achieve top-tier
rank scores on specific datasets (DigiArvi and ASSIST-
ments, respectively) but perform significantly worse on the
other dataset, lacking the cross-domain consistency of TIRT.

Conversely, models such as Rasch 1PL, GKT, BKT, and
CLKT tend to perform inconsistently or poorly across both
datasets. Rasch 1PL achieves the lowest rank score (1) in
all metrics, indicating its limited ability to capture the com-
plexities of student learning and accurately predict future
outcomes.

Based on the overall rank score and metric performance,
the DigiArvi 2025 dataset generally yields better predictive
performance across several models, particularly for accuracy,
ROC-AUC, AP, and F1 score. While the ASSISTments 09-10
dataset performswell withmodels such as TIRT, the DigiArvi
2025 dataset produces stronger raw results across various key
metrics, suggesting its features may be more readily captured
by the models evaluated in this study.

Ultimately, the heatmap provides a clear comparison of
the models’ strengths and weaknesses across multiple dimen-
sions, allowing for an informed selection of the most suitable
model for a given task. It highlights the trade-offs between a
model’s ability to balance multiple performance metrics and
confirms that TIRT is the most robust choice for applications
requiring high performance across a wide range of evaluation
criteria.
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FIGURE 5. PR and ROC curves for the top 3 KT models in ASSISTments 09-10.

FIGURE 6. PR and ROC curves for the top 3 KT models in DigiArvi 2025.

2) CURVES FOR KEY MODELS
This section compares the performance of the top KT models
across the ASSISTments 09-10 and DigiArvi 2025 datasets.
It uses PR and ROC curves to evaluate how well the models
balance precision, recall, and discriminatory power.

Fig. 5(a) shows the PR curves for the top three KT mod-
els on the ASSISTments dataset: TIRT, LR, AdaptKT, and
the Class Prior baseline. A PR curve reflects the trade-off
between precision (the number of correct positive predic-
tions) and recall (the model’s ability to identify all positive
instances). TIRT (AP = 0.7997) achieves the highest preci-
sion across all recall values, outperforming the other models.
LR (AP = 0.7967) follows closely behind, and AdaptKT
(AP = 0.7711) demonstrates the lowest precision of the top
three models. The inset provides a zoomed-in view of the

mid-recall region (between 0.52 and 0.68), offering a precise
comparison of the closely aligned model curves and illustrat-
ing their relative performance.

Fig. 5(b) presents the ROC curves for the top three KT
models, with the random curve (AUC = 0.5) as a baseline.
The ROC curve illustrates each model’s ability to distinguish
between true and false positives. TIRT (AUC = 0.7468)
demonstrates the greatest discriminatory ability, achieving
the highest true positive rate at any given false positive rate.
LR (AUC = 0.7446) follows closely behind, while AdaptKT
(AUC = 0.7054) exhibits the weakest discriminatory ability.
The inset zooms into the mid-range false positive rate region
(between 0.40 and 0.60), providing a clearer perspective on
the closely clustered model curves and highlighting TIRT’s
superior performance over LR and AdaptKT.
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FIGURE 7. KT model performance and composite scores across DigiArvi 2025.

FIGURE 8. KT model performance and composite scores across ASSISTments 09-10.

Fig. 6(a) shows the PR curves for the top three KT models
in DigiArvi: TIRT, LR, and CLKT, with the class prior base-
line. TIRT leads among the models with the highest precision
(AP = 0.8855), followed by LR (AP = 0.8847) and CLKT
(AP= 0.8839). The inset zooms into the high precision, mid-
recall region to provide a clearer comparison between the
closely aligned curves.

Fig. 6(b) displays the ROC curves for the same mod-
els with the random baseline (AUC = 0.5). TIRT (AUC
= 0.7991) demonstrates the greatest discriminatory power,
followed closely by LR (AUC = 0.7981) and CLKT (AUC
= 0.7971). The inset zooms into the mid-range false positive

rate region, visually confirming TIRT’s consistently superior
performance.

In conclusion, comparing the performance of the top three
KT models across the ASSISTments 09-10 and DigiArvi
2025 datasets shows that TIRT is effective in terms of
precision and discriminatory power. TIRT consistently out-
performs the other models, yielding the highest AP and AUC
values in the PR and ROC curves, respectively. Although
LR follows closely behind, TIRT’s superior ability to bal-
ance precision and recall, along with its higher true positive
rate, establishes it as the most robust model among those
tested.
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FIGURE 9. Performance of KT models in ASSISTments 09-10 on student 70634.

FIGURE 10. Performance of KT models in DigiArvi 2025 on student doxe392.

3) OVERALL MODEL PERFORMANCE RANKING
This section presents the overall performance ranking of var-
ious KT models using the ASSISTments 09-10 and DigiArvi
2025 datasets. The ranking is based on the following key
evaluation metrics: accuracy, ROC-AUC, AP, F1 score, and
log loss.

Fig. 7(a) is a radar chart visualizing the performance of
different models across these five metrics in the DigiArvi
2025 dataset, based on the KT models’ rank scores in each
metric. FKT leads in overall performance, achieving con-
sistently high rank scores across all metrics, especially in
accuracy, F1 score, and log loss. TIRT and LR follow closely
behind, demonstrating strong results in accuracy, ROC-AUC,
and AP. Models such as DKT and CLKT demonstrate solid
performance, though they fall short of the top three models.

Fig. 7(b) presents a bar chart summarizing the composite
rank scores across the five evaluation metrics. The overall
ranking aligns with the radar chart, with FKT leading by a
significant margin. TIRT achieves the second-highest com-
posite score, and LR achieves the third-highest, reflecting
their competitive performance. In contrast, models such as
AdaptKT and Rasch 1PL exhibit significantly lower scores,

indicating comparatively weaker performance across the full
spectrum of evaluation criteria.

These figures demonstrate the superiority of FKT and
TIRT on the DigiArvi dataset. They appear to be the most
promising models for predicting the probability that a stu-
dent will answer the next item correctly in this context. The
comparison highlights the variability in model performance
across different evaluation criteria and emphasizes the impor-
tance of selecting the appropriate model based on specific
requirements.

Fig. 8(a) is a radar chart that visualizes the performance of
various models across five key metrics in the ASSISTments
09-10 dataset. TIRT demonstrates the strongest overall per-
formance, excelling inAP, log loss, and ROC-AUC.AdaptKT
follows in second place. LR shows competitive results, but
falls behind TIRT and AdaptKT. In contrast, FKT and Rasch
1PL perform weakly across most metrics, with Rasch 1PL
achieving the lowest scores.

Fig. 8(b) displays a bar chart summarizing the composite
rank scores from the five evaluation metrics. TIRT leads
with the highest total score, followed closely by AdaptKT.
LR achieves the third-highest score, while FKT and Rasch
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1PL significantly trail behind, highlighting their lower effec-
tiveness across the evaluation criteria. These results reinforce
the dominance of TIRT and AdaptKT in ASSISTments 09-10
and suggest that they are the most promising models for this
dataset.

Although the overall composite scores of the models in the
example datasets are clear, we observed notable fluctuations
in the performance of AdaptKT and FKT. For example, Adap-
tKT achieved an overall rank score of 8 on ASSISTments
09-10 and 2 onDigiArvi 2025, while FKT achieved an overall
rank score of 2 on ASSISTments 09-10 and 9 on DigiArvi
2025. These discrepancies are likely due to differences in
dataset characteristics, such as response time variability, data
consistency, and themodels’ varying sensitivities to noise and
feature distributions. These performance variations suggest
that models tend to perform better on datasets that align with
their inherent architectural strengths.

4) PERFORMANCE OF KT MODELS ON INDIVIDUAL
STUDENTS
This section evaluates the performance of various KT models
on individual students from the ASSISTments 09-10 and
DigiArvi 2025 datasets. The goal is to assess how well these
models predict whether a student will answer the next ques-
tion correctly based on their past interactions.

Fig. 9 and Fig. 10 compare the performance of different
models for two students, one from the ASSISTments 09-10
dataset (ID: 70634) and one from the DigiArvi 2025 dataset
(ID: doxe392). For each student, the top chart shows the three
models with the highest accuracy. These models demonstrate
strong alignment with the actual student performance, with
predictive peaks and valleys that closely mirror the ground
truth. Conversely, the bottom chart shows the three worst
models, which fail to predict student performance accurately;
their predictions diverge significantly from the actual out-
comes. Specifically, for the student in the ASSISTments
09-10 dataset (Fig. 9), the best-performing models are Adap-
tKT, TIRT, and LR, while the worst are GKT, FKT, and Rasch
1PL. For the student in the DigiArvi 2025 dataset (Fig. 10),
the best-performing models are FKT, TIRT, and LR, whereas
the weakest performers are GKT, AdaptKT, and Rasch 1PL.
These student-level observations directly mirror the overall
composite rankings established in Section III-D3.
In conclusion, evaluating KT models across the ASSIST-

ments 09-10 and DigiArvi 2025 datasets at the individual
student level reveals significant differences in prediction
accuracy. The best models closely track actual student learn-
ing trajectories, while the worst models show significant
divergence. These findings visually underscore the impor-
tance of selecting models based on their ability to reliably
predict student performance across diverse datasets.

IV. DISCUSSION
This study provides a thorough analysis of KT models across
four key dimensions. First, we provided an overview of the
‘‘big picture’’ to illustrate the overlap and interconnections

between the various KTmodel categories. Our findings reveal
an increasing trend of integrating KT models with other
domains to personalize the learning process, improve predic-
tion accuracy, and adapt models to individual learners’ needs.
Second, we traced the timeline of KT model development,
highlighting their evolution from foundational models in
the 1950s to today’s sophisticated deep learning techniques.
Between 2015 and 2019, notable advances in deep learn-
ing, particularly in RNNs and LSTM networks, significantly
influenced the design of modern KT models. These break-
throughs laid the groundwork for the most advanced models
in use today, including multi-activity, domain-adaptive, and
contrastive/self-supervised models. Third, we explored the
different categories of KT models, such as psychometric,
Bayesian, machine learning, deep learning, and graph-based
models, demonstrating how each category contributes to
developing personalized learning environments. For our
empirical analysis, we selected a representative model from
each category to demonstrate its practical application. Finally,
we conducted a detailed empirical exploration of the selected
models.We examined evaluation metrics, datasets, prediction
curves, and student-level predictions to assess the models’
effectiveness in two different datasets.

A. LIMITATIONS OF THE STUDY
Despite the rigorous methodology employed in this sys-
tematic review and empirical analysis, it is important to
acknowledge several limitations to provide a balanced per-
spective on the findings. To ensure feasibility and strictly
evaluate the efficiency of ‘Green AI’ [17], we selected
lightweight representatives from each of the nine KT fami-
lies for empirical evaluation. While these models are widely
cited, they may not fully capture performance variance within
their respective categories. For example, other graph-based
models may outperform GKT [51], and different deep learn-
ing architectures may produce different results from DKT
[40]. Consequently, our findings should be interpreted as
an evaluation of efficient architectural families rather than
as an exhaustive benchmark of every existing model. Fur-
thermore, our empirical evaluation relied on two datasets:
ASSISTments 09-10 [13] and DigiArvi 2025 [14]. Evalu-
ating the models on just two datasets restricts the broader
generalizability of our findings. Both datasets focus primarily
on mathematics education. Therefore, the performance of
these models may differ when applied to other domains, such
as language learning, programming, or open-ended essay
writing, where the nature of the knowledge components
and student interactions differs significantly. Future bench-
marking should incorporate datasets like Slepemapy, Junyi
Academy, or KDD Cup to confirm these trends.

Additionally, while this study imposed a strict global train-
ing budget of 120 seconds per model to establish a baseline
for algorithmic efficiency, a critical limitation is that our
formal evaluation focused primarily on predictive metrics
such as accuracy, AUC, and F1 score. It must be explic-
itly acknowledged that the predictive scores reported in this
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study, particularly the ROC-AUC metrics, are lower than
those often cited in state-of-the-art literature. This discrep-
ancy is a direct and intentional consequence of our strict
adherence to the ‘Green AI’ 120-second training budget.
Instead of using heavily parameterized, resource-intensive
models that take hours to train for only slight perfor-
mance improvements, we deliberately evaluated lightweight
baseline architectures to test true computational efficiency.
A deeper micro-architectural analysis of computational costs
was beyond the scope of this study. As recent literature has
noted, ‘vast and complex’ deep learning models often incur
high hidden costs in terms of continuous GPU utilization and
energy consumption [17], [85]. As we did not benchmark
precise inference latency (e.g., milliseconds per prediction)
or exact energy footprints (e.g., joules consumed), we cannot
definitively quantify the sustainability gains of the tested
architectures. Therefore, while TIRT and FKT achieved high
accuracy well within our ‘Green AI’ resource constraints,
further empirical profiling of hardware utilization is required
to determine the most computationally efficient solutions for
real-time deployment. Finally, the systematic review adhered
to the PRISMA 2020 guidelines [12] and was restricted to
English-language studies published in Springer, ScienceDi-
rect, Scopus, and Google Scholar between 2019 and 2025.
These exclusion criteria may have omitted relevant studies
published in non-indexed venues or in languages other than
English, potentially introducing selection bias. Furthermore,
due to the rapid pace of AI development, the ‘state-of-the-
art’ cut-off point of 2025 may mean that newer architectures
emerging during the publication process are not represented.

B. FUTURE RESEARCH DIRECTIONS AND PRACTICAL
RECOMMENDATIONS
Based on our systematic review and rigorous empirical
evaluation, we have identified critical challenges and pro-
vided actionable recommendations for the next generation of
KT research. Recent trends suggest that the next probable
evolution of KT is the convergence of numeric sequence
modelling with generative AI. Current models rely on binary
correctness data and therefore miss the semantic nuances
of students’ answers. Future algorithms must consequently
integrate LLMs to process textual responses and generate
automated pedagogical feedback [86]. The challenge lies in
selecting the right architecture: researchers must determine
how to fuse the high dimensionality of LLM embeddings
with the temporal efficiency of traditional KTmodels without
inducing excessive latency. To address these computational
constraints, future research must pivot towards ‘Green AI’
by developing lightweight, distilled KT models that maintain
high diagnostic accuracy while consuming less energy [17].
This would make them viable for real-time deployment in
low-resource educational settings.

For practitioners currently deploying these models, our
empirical assessment yields specific architectural recommen-
dations. For sequential or temporal data, we recommend
TIRT [84], as this model has proven to be the most

robust for datasets with strong time-decay signals (such as
ASSISTments), offering the best balance of accuracy and
computational efficiency. For granular or multi-task data,
we recommend FKT [68]. In modern environments that cap-
ture auxiliary data, such as response speeds in DigiArvi,
FKT successfully leverages multi-task learning to outper-
form traditional baselines. Finally, if the priority is system
diagnostics rather than raw prediction, LR remains a ‘hard-
to-beat’ benchmark offering transparency that deep neural
networks cannot yet match. To properly evaluate these and
future advancements, the field urgently requires a unified
benchmarking framework, similar to the General Language
Understanding Evaluation (GLUE) in Natural Language Pro-
cessing (NLP) [87], that evaluates models uniformly on
accuracy, robustness, cold-start transferability, and inference
speed. Ultimately, the next frontier for KT is moving from
correlation to causation. Future architectures should leverage
Multimodal Learning Analytics (MMLA) by combining log
data with eye tracking or video, and apply causal inference
to determine whether a student has truly mastered a skill
or has simply guessed correctly [88]. This shift is essen-
tial for developing ‘agentic AI’ tutors that can effectively
intervene rather than merely predict failure. Finally, as these
advanced systems transition from controlled testing environ-
ments to real-world classrooms, researchers must address
several ongoing challenges. Firstly, it is crucial to miti-
gate the ‘cold-start’ problem; models must be engineered to
rapidly and accurately infer a baseline knowledge state for
students with no historical interaction logs. Secondly, real-
world educational data is inherently unreliable, necessitating
more robust architectures that can filter out accidental errors,
unrecorded offline learning, or system-level logging errors.
Solving these practical challenges alongside the successful
integration of rich, multimodal data streams will be vital for
ensuring that future KT systems are highly accurate, scalable,
and equitable for all learners.

V. CONCLUSION
This study provides a thorough, systematic review and rig-
orous empirical evaluation of KT models, mapping their
development from foundational psychometric methods to
modern deep learning paradigms. The research addressed
critical gaps in our understanding of KT models by propos-
ing a taxonomy of nine interconnected model families
and by benchmarking representative algorithms across two
educational datasets: ASSISTments (2009–2010) and DigiA-
rvi (2025). Our empirical findings demonstrate that, while
high-capacity deep learning models offer theoretical advan-
tages in complex sequence modelling, their practical applica-
tion often yields diminishing returns. Instead, architectures
that are strategically engineered to leverage specific data
characteristics—such as the explicit modelling of forgetting
in TIRT and the integration of auxiliary features in multi-task
FKT—consistently achieve superior predictive calibration
and student-level diagnostic accuracy, even when restricted
by strict computational time budgets. Furthermore, traditional
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baselines such as LR remain competitive, offering a level of
diagnostic transparency that deep neural networks cannot yet
match.

This study goes beyond raw predictive performance, high-
lighting the critical engineering trade-offs necessary for the
real-world, scalable deployment of intelligent tutoring sys-
tems. The success of these lightweight yet highly robust
models highlights the urgent need for the EDM commu-
nity to adopt ‘Green AI’ principles. This will ensure that
future architectures are computationally sustainable, eco-
nomically viable, and accessible in low-resource educational
environments. Furthermore, the fragmented evaluation crite-
ria currently prevalent in the field emphasize the necessity of
establishing standardized, open-source benchmarking frame-
works to guarantee reproducibility. Looking to the future, the
next frontier of knowledge tracing is integrating LLMs and
causal inference mechanisms to transform KT frameworks
into agentic AI systems that can deliver autonomous, active,
and deeply personalized pedagogical interventions.
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